During the last two decades, Fuzzy Logic (FL) Systems have been increasingly applied to the research area of petroleum engineering. Hydraulic Fracturing (HF) as an important discipline in this area and stimulation of oil and gas wells is an important tool for natural gas and oil exploitation, whose success relies on proper selection of target well and target formation. To date, however, no paper has attempted to summarize and present a critique of the existing FL literature. This paper, therefore, aims to review the FL literature that has been conducted in candidate-well selection for HF. Selecting a target formation(s) among a vast numbers of zones/sub-layers within huge numbers of hydrocarbonproducing wells in a reservoir is considered a difficult task, particularly if the selection goes through a group of parameters having different domains, attributes and features. In fact, this process had been recognized to be complex, nonlinear and adherent with uncertainty. It is proved that methods such as FL could reduce the uncertainty thus permit superior selection of candidates well for HF treatment. The comprehensive review provided in this paper offers new directions for FL and its application in HF candidate-well selection.
INTRODUCTION
During the past decade, FL has shown itself to be an appropriate alternative for engineering judgment to deal with the uncertainties encountered in decision-making processes. FL has been successfully applied in many different areas of petroleum engineering and earth sciences including petrophysics (Finol et al., 2001) , reservoir characterization (Quenes, 2000) , drilling (Garrouch and Lababidi, 2001 ), permeability and rock type estimation (Kadkhodaie et al., 2006) , rock engineering systems (Khademi et al., 2010) , petroleum separation (Liao et al., 2008) , stimulation (Xiong and Holditch, 1999) and HF candidate-well selection (Xiong *Corresponding author. E-mail: Mansoor353@yahoo.com. and Holditch, 1995; Yang, 2009; Yin and Wu, 2009 ). FL techniques, as defined in this paper, refer to fuzzy concepts, which include fuzzy set and fuzzy logic.
To date, nevertheless, no paper has attempted to summarize and present a critique of the existing FL literature. The aim of this paper is to provide an overview of the application of FL techniques in HF candidate-well selection. In fact, FL established itself as a reliable methodology for dealing with any sort of uncertainty, especially in HF candidate-well selection, design and execution. In this section, candidate-well selection, HF and the needs for them will be explained briefly so as to make it understandable to colleagues from a broad range of scientific disciplines. Also, it will be discussed why FL is of particular importance for helping extend the productive life of the reservoirs and related assets in oil and gas industry. Actually, this paper will review an application that incorporates FL in HF candidate-well selection.
Upstream oil and gas operations involve a range of activities, including exploration, drilling and production of crude oil and/or natural gas. Reservoir stimulation is one of the main activities, whose main purpose is to enhance the property value by the faster delivery of the petroleum fluid and/or to increase ultimate economic recovery (Economides and Nolte, 2000) . Once a hydrocarbonbearing reservoir has faced difficulties to produce economically, a vital question need answer by the production team. How the recognized problem(s) could effectively alleviated and/or eliminated? One may search for a solution other than stimulation jobs, so the question rose toward; what is done in other technical areas? Does drilling a new well (infill drilling) to compensate for the reduction of productivity, serve as the only reliable answer? Vincent (2011) shows that HF of existing wells had stronger economics than infill drilling. In addition, the possibility of further discoveries of giant oil and gas reservoirs in the world is low; new stimulation strategies through utilization of available technologies, would lead to maximizing recovery rates and efficiencies from the existing fields. In fact, a stimulation technology such as HF, which is the pumping of fluids at high rates and pressures to break the rock to increase the output of a well, considered as an ever-increasing focus area for upstream industry. Hence, in order to be successfully conducted; it's directly depending on candidate-well selection phase. Candidate-well selection is the process of choosing wells that have potential for higher production and better return of investment after stimulation job. Actually, the effectiveness of the HF treatment is a function of three critical parts, which tied together; candidate-well selection, treatment design, and field operation (Figure 1 ). In fact, they are the triangle success factors that must be linked to each other. Applying the best treatment design and field procedures to the wrong candidate-well will results in a failure of the whole operation. In other words, all of the three factors should be performed well to guarantee the success of HF treatment.
It has found that the methods, as applied in HF candidate-well selection discipline, in the past two decades, can be divided into two broad fields, encompassing: (1) conventional techniques; and (2) advanced approaches. The reason for their nomenclatures had derived from the different approaches that each of them is applying to choose a target well or target formation. The former mainly deals with engineering, geological, etc. aspects in decision making process. More details about conventional candidate-well selection for HF could be found by Zoveidavianpoor et al. (2012) . The later mainly fill the gap for classification and manipulation of the parameters and mainly employs Artificial Intelligence (AI) methods that offers the opportunity to examine the data, their relationships, and in other ways and to maximize the concealed potential.
In answering the question, what's the need for using FL for HF candidate-well selection? One may observed the independent nature of domains involved in HF candidatewell selection procedure such as geological aspect, reservoir and fluid characteristics, etc. and a relatively sparse data set. Those considerations highlighted the underlying problem of making predictions based on existed approaches for which a large degree of uncertainty exists. For such systems where only ambiguous and imprecise information may be available, FL provides a way to understand system behavior by allowing us to interpolate approximately between observed input and output situations.
Inspired by the need of AI methods, the previous research conducted by the advanced methods to choose candidate-well will be reviewed and the key points are highlighted. As the main focus of this paper, a state of the art FL approach will be explained afterwards. Next, as a cutting-edge technology for managing uncertainty, it will be illustrated that Type-2 Fuzzy Set and System (T2 FSS) could fill the gap between recent developments in FL and HF candidate-well selection. So, this new trend and option for the use of T2 FSS will be briefly explained subsequently. In the discussion section, the main works critically discussed and a conclusion sums up the main results and points towards potential future developments.
PREVIOUS RESEARCH
As the volume of data increases, human cognition is no longer capable of deciphering important information from it by conventional techniques. Mohaghegh (2005) demonstrated that data mining and machine learning techniques must be used in order to deduce information and knowledge from the raw data that resides in the databases. Although the required parameters for selecting a well for HF are relatively identical, classification and manipulation of the structure data is different. This fact comes from different characteristics for each hydrocarbon reservoir. Thus, there is a need to provide a methodology that allows selecting the desired well/layer with minimum time and costs and provide a framework to overcome the difficulties in conventional techniques. As indicated by Moore and Ramakrishnan (2006) first-pass evaluation using Moving Domain Analysis (MDA) technique by utilization of existing data can help prioritize wells for in-depth analysis. Using ANN methods, Shelley (1999) explains that operators can screen candidate-well before performing more detailed engineering analysis. The number of hours required to complete the ANN procedures are minimal compared with hours required for conventional geologic and engineering evaluation. Reeves et al. (1999) developed a multi-process candidate selection methodology to identify viable stimulation candidates. It consists of production comparisons, engineering based performance assessments, and Pattern Recognition technology. Malik et al. (2006) presented new methodology, which uses different trained ANN that is flexible to design GA based on different parameters. To develop a methodology for candidates in a short time with limited budget, Flores (2009) took advantages from case histories from prior stimulation treatments; they then evaluated to find trends and success indicators by designing a stimulation workflow. Using this improved methodology, success was increased to 75%, and costs were reduced by 40%. Emrich et al. (2001) and East and Craig (2006) showed that diagnostic algorithms improved candidate selection and contributed to improved performance.
There are a number of different emerging AI approaches that have been applied in this way in recent years to the manipulation of the typical fracturing data sets. This approaches are quite varied in their requirements and their upside potential (Oberwinkler et al., 2004; Conway et al., 1985) and include approaches such as FL, ANN, GA, selfquestioning matrices, pattern recognition, self-organizing maps, etc. AI has two important components, that is, FLbased models that embed existing structural human knowledge such as experience, expertise, and heuristics, Oberwinkler and Economides (2003) was performed in order to primarily identify HF candidate potential, it is an excellent demonstration of the measure of application that can be achieved with the AI approaches when quality data is available. Grieser et al. (2008) describe a case whereby a conventional approach, including cross-plots, bar charts, cumulative frequency plots, etc., did not determine any definitive trends or correlations. They then proceeded to perform a more detailed data-mining exercise and applied the Self-Organizing Map approach. The results were clear, with definitive trends, which could then be applied to improve the future programs. McVey et al. (1996) developed an ANN, which trained with existing data to identify influential parameters in HF; it was found that the flow parameters have more influence than other parameters. Reeves et al. (1999 Reeves et al. ( , 2000 concluded that virtual intelligence methods were relatively better compared to other approaches. The advantage of various virtual intelligence techniques is that it can be designed to mimic the thinking process of a completion engineer entrusted with the job of selecting refracturing candidates, but the downside is data requirement and expertise (Reeves et al. 1999) . Other studies such as Xiong and Holditch (1995) ; Yang (2009); Yin and Wu (2009) , demonstrated that fuzzy logic is a promising tool that can be used for stimulation candidate-well selection. The first research used a fuzzy logic evaluation method to select and rank candidate wells for different stimulation treatments such as HF, acid fracturing, and matrix acidizing. They called their method "fuzzy expert system", which selects a candidate well based on nine fuzzy variables. The second study determined and analyzed the factors influencing the effect of oil well fracturing and called his model a "fuzzy mathematics model" to choose target well and formation for HF from twelve factors (fuzzy variables). In the third study, Yin and Wu (2009) were analyzed quantitatively the main factors of influencing the fracturing effects, gives the relation between fracturing effects and the parameters, and divides the grade intervals of each influencing factor quantitatively, then establishes fuzzy judging mathematical model of choosing fracturing well. It is believed that advanced methods such as FL could be better handle uncertainty (Zadeh, 2006) existed in candidate-well selection. Table 1 illustrated the application of AI methods by different authors in HF candidate-well selection. Some key issues could be concluded from the literature of advanced candidate-well for HF: 
Investigators
Methods Used Moore and Ramakrishnan (2006) Moving Domain Analysis and Artificial Neural Network Shelley (1999); McVey et al. (1996) Artificial Neural Network Reeves et al. (1999) Pattern Recognition Malik et al. (2006) Artificial Neural Network and Genetic Algorithm East and Craig (2006) In this way, this paper will look at a cutting-edge procedure to fill the research gap between recent developments in FL to decrease the uncertainty existed in HF candidate-well selection.
FUZZY LOGIC
FL is an extension of conventional Boolean logic developed to handle the concept of partial truth -truth values between "completely true" and "completely false". It was introduced by Dr. Lotfi Zadeh of UC/Berkeley in the 1960's as a means to model uncertainty (Zadeh, 1965) . Zadeh says that rather than regarding fuzzy theory as a single theory, we should regard the process of fuzzification as a methodology to generalize any specific theory from a crisp (discrete) to a continuous (Fuzzy) form. According to Zadeh (2006) , uncertainty is an unavoidable attribute of information. By using the rules of probability, scientists were capable of dealing with such uncertainties in information. With fuzzy set theory coming into existence, it is performed better by FL. Zadeh (2008) , in answering the question "is there a need for FL?", believes that, today, close to four decades after its conception, fuzzy logic is a precise logic of imprecision and approximate reasoning, which shows itself to be more effective than an attempt at the formalization/mechanization of human reasoning capabilities. Fuzzy sets theory, as a soft computing technique, has established itself as a new methodology for dealing with any sort of ambiguity and uncertainty. Soft computing, as introduced by Zadeh (1992) , includes approaches to human reasoning, which try to make use of the human tolerance for incompleteness, uncertainty, imprecision, vagueness, and fuzziness in decisionmaking problems (Jang et al., 1997) .
FL can be used in order to reduce the uncertainty in the data collected and can model vagueness in data and/or relationship in a formal way. This technique is able to manipulate fuzzy qualitative data in terms of linguistic variables. In FL, unlike standard conditional logic, the truth of any statement is a matter of degree. For example, for the rule if (skin is high) then (candidate is very good), both variables, high and very good, map to range of values. Fuzzy systems rely on membership functions to explain to the model how to calculate the correct value between zero and one. The degree to which any fuzzy statement is true is denoted by a value between zero and one. In fuzzy inference system, there are 5 steps such as fuzzy inputs, combination of inputs with AND (OR) method, implication, aggregation of all outputs and defuzzification (Tinkir, 2011) . A typical fuzzy system consists of a rule base, membership functions and an inference procedure, as presented in Figure 2 . The membership function A(x) describes the membership of the elements x of the base set X in the fuzzy set A, whereby for A(x) a large class of functions can be taken. Reasonable functions are often piecewise linear functions, such as triangular or trapezoidal functions. Table 2 shows the standard operation in FL system. Whilst the operations according to Intersection and Union are based on min/max operations, the complement is an algebraic (arithmetical) one. Union and intersection can also be defined in an algebraic manner but giving different results as indicated in Table 2 .
Selection of operators solely depends on the problems of applications. The shaded region in Figure 3 shows the membership function of the fuzzy set AB, which results from the intersection of fuzzy sets A and B. Here  A and  B are the membership functions for the fuzzy sets A and B, respectively. For example, A could be a membership function for the fuzzy set of skin value or water saturation. Triangular or trapezoidal functions usually considered as linear functions. As shown in Figure 3 , the two fuzzy sets have presented as triangular membership functions. Normally, a membership function selected by trial and error to be representing the base set. There are five basic membership functions. These functions along with their descriptions are represented in Table 3 . 
Function Name Parametric Representation Graphical Representation
Triangular Function 
Generalized Bell function

Why We Required T2 FSS?
Against undesirably affect from uncertainty conditions of parameters of the rule base and membership sets No previous work had used T2 FSS On account to the fact that T2 FL estimation provides the possibility to indicate the uncertainties in which is crucial in maintaining high quality results To test the proposed model to make T2 FL systems reasonable and reliable To present a new application for using T2 FL intervals To understand the performance of the T2 FSS To deal with the potential uncertainty of expert's knowledge and experience The human experts have uncertainty in membership function specification T2 FL system permitted them to model rule uncertainties To handle the large amounts of uncertainties present in real world environments For demonstration of application of T2 FL systems to predict a critical parameter in a system The experts will have different opinions, expectations the interpretations for the requirements specification as well as for the applicants matching and ranking There are two types of Fuzzy Sets and Systems (FSSs); Type-1 (T1) and Type-2 (T2). In T1 FSS, the membership grade is a number in the range [0, 1]. T2 FSS is an answer to the question of what to do when there is uncertainty about the value of the membership function itself. In T2 FS, the membership grade is itself a fuzzy set in [0, 1]. As a result, a T2 FSS is governed by fuzzy membership functions that are three-dimensional and include a mark of uncertainty. T2 itself has two categories named (1) General T2 FSS, and (2) Interval T2 FSS. Because of using sophisticated mathematical concepts, the application of the first category is not popular and hence little publications are available. On the other hand, utilization of the later is widespread among literature. For an Interval T2 FS that third-dimension value is the same (for example, 1) everywhere, which means that no new information is contained in the third dimension of an Interval T2 FS. Therefore, for such a set, the third dimension is ignored, and only the Footprint of Uncertainty (FOU) is used to describe it. It is for this reason that an Interval T2 FS is sometimes called a firstorder uncertainty fuzzy set model, whereas a general T2 FS is sometimes referred to as a second-order uncertainty fuzzy set model.
IMPLICATIONS FOR THE FUTURE RESEARCH DIRECTIONS
Gas Research Institute (GRI) believes that candidate-well selection phase is where the greatest industry benefit resides (Ely et al., 2000) . Selecting a target formation(s) among a vast numbers of zones/sub-layers within huge numbers of hydrocarbon producing wells in a reservoir, is considered a difficult task, particularly if the selection goes through a group of parameters having different domains, attributes and features. The trend of candidatewell selection process for HF treatment had recognized to be complex, nonlinear, un-equilibrium, and adherent with ambiguity and uncertainty. Therefore, utilization of modern and right problem-solving tool such as T2 FSS to handle such uncertainties should be considered a great concern to the petroleum industry. Indeed, new requirements force the previous methods to advance and novel techniques expected to meet the requirements and remove the existing weakness. In highlighting this need, the question has been answered about why T2 FSS should be used. By reviewing its application in the industry, the second question raised; what are the industry motivations to use this method? Despite of the application in several areas of science and engineering, yet, they application in petroleum industry have not been fully developed and a few papers available (Olatunji et al., 2011a, b) . A review of industrial applications of T2 FSS in solving complicated problems (Dereli et al., 2011) indicates that there have been different reasons for authors to use type-2 FSS applications. Those reasons are illustrated in Table 4 .
DISCUSSION
The nature of candidate-well selection is non-linear because it consists of several input parameters, which are qualitatively and quantitatively different. This is the privilege of fuzzy set theory that enables a convenient framework to combine and analyze these data even independently of their source or characteristics. Two of the major concepts associated with FL, Fuzzy membership functions and linguistic variables, can be especially adapted to suit applications to solve the complex nature of HF candidate-well selection. In fact, the former enable one to perform quantitative calculations in fuzzy decision making, while the concept of linguistic variables serves the purpose of providing a means of approximate characterization of phenomena that are too complex to be amendable to description in conventional quantitative terms.
In addition to the four major key points of utilization of AI methods that highlighted the advantages of FL-based approaches in Previous Research Section, we chose particularly three main cutting-edge works because they utilized FL method in HF candidate-well selection, that is, Xiong and Holditch (1995) , Yang (2009) and Yin and Wu (2009) . Table 5 lists the applied steps in their FL system. There are some problems associated with the current fuzzy systems applied in the field of HF candidate-well selection. The first problem is the structure identification of the relation R that links the inputs to the output. In fuzzy system modeling, the structure represented by means of fuzzy is, if-then rules. None of mentioned literatures had shown or even discussed the rule base section of their created FL system. This important step was correlated to weighting factor, which is different in all proposed methods. As can be seen from Table 6 , there are noticeable differences between their allocated weighing factors, which could finally affect the candidatewell selection process result. Secondly, this heterogeneity in the relative importance of the fuzzy variable, which makes the weighting factor, is not the only noticeable problem; the number of the variables is different in each work; 9, 12 and 7 for Xiong, Yang, and Yin and Wu, respectively. This may be justifying, because the structure of the fuzzy, if-then rules, is determined priori subjectively from other sources such as experts' knowledge. However, these rules varied among the experts and even for the same expert at different times. Third, by applying inaccurate rules and incorrect functions, the achievement will be possible imprecise conclusions. For example, ignoring the effects of fluidity in the system (Yin and Wu, 2009) , low weight and priority for skin factor (Yang, 2009) , and participation a variable such as wellbore condition in the system, which could be affect the system results in a mature filed by decreasing the number of selected parameters (Xiong and Holditch, 1995) . Table 5 shows the fuzzy system application in the mentioned studies. The major steps toward establishing the fuzzy system in each of the study are presented. Finally, as it is obvious in Table 5 , the basic steps of the proposed works are all similar and in contrast with the current development in fuzzy logic system (Jang et al., 1997) , a significant new trend should be used to managing uncertainty in which the current FL systems (T1 FSS) in literature of HF candidate-well selection could not handle.
Consider a fuzzy set (very low, low, medium, high, and very high) for a fuzzy variable such as porosity. As can be seen from Table 6 , different boundaries were associated with it. It is worthy to note that these differences are logical, because the nature and characteristics of reservoir are dissimilar from region to region. Therefore, it's clear that there are uncertainties and we need a model to capture them.
T1 FL System was previously developed and implemented to overcome the difficulties that were presented in conventional methods in HF candidate-well selection (Xiong and Holditch, 1995; Yang, 2009; Yin and Wu, 2009 ). However, T1 FSS is not capable of fully capturing the linguistic uncertainties in the terms used and inconsistency of the expert's decision-making. Actually, uncertainty involved in any problem-solving situation is a result of some information deficiency. There exist many different causes of uncertainty such as (a) lack of information, (b) abundance of information, (c) conflicting evidence, (d) ambiguity, (e) measurement and (f) belief (Zimmermann, 2000) . In general, these various information deficiencies may result in different types of 
Gaussian function
Gaussian function Gaussian function (Klir and Wierman, 1999) . IT2 FS can handle such uncertainties in a better way because they provide more parameters and more degrees of freedom (Hameed, 2009 ). IT2 FL system offer better capabilities to handle linguistic uncertainties by modeling the uncertainties using T2 Membership Functions and provide diagnosticians with decision-making flexibilities. The development of a new methodology for HF candidate-well selection via utilization of T2 FL system forms a proposed new research trend in this paper, which will provide the capability to handle linguistic uncertainties better than previous studies. Finally, because there is uncertainty regarding the value of the membership function, and variables associated with each set in HF candidate-well selection, more sophisticated types of fuzzy sets, T2 FSS is recommended at the end of this paper.
CONCLUSIONS
The process of selection wells and layers for HF is the process through which a service oil company or an operator determines the best fit from a dozen of well and formation candidates whose impact on the operation performance can be very strong. As a consequence, the role of selecting target wells and target layer within this industry is critical. Typically a company will utilize different types of data and information in different domains and attributes having different format and configuration such as petrophysical well logs, drilling, production, and reservoir files, rock mechanical data, and etc. to screen and ultimately select a candidate(s). Considering the complex, nonlinear, and imprecise nature of data in this process, decision makers are beginning to add other methods to the selection process in order to handle uncertainty and further assist in determining the best fit for a treatment. It becomes obvious that the ability to manage uncertainty turns out to be a critical issue for selecting HF candidate selection. In this paper, the independent nature of domains involved in HF candidate-well selection procedure highlighted the underlying problem of making predictions based on existed approaches for which a large degree of uncertainty exists. However, it is impossible to develop a precise mathematical model that can predict the right candidate. For such systems where only ambiguous and imprecise information may be available, FL provides a way to understand system behavior by allowing us to interpolate approximately between observed input and output situations.
The weaknesses of the other AI methods (large input/output observation and no uncertainty capturing) in contrast with the advantage of FL that enables a convenient framework to combine and analyze these data even independently of their source or characteristics, had been the impetus behind deep investigation on the main works that utilized FL-based method in HF candidate-well selection. In this way, this paper will look at a cutting-edge procedure to fill the research gap between recent developments in FL to decrease the uncertainty existed in HF candidate-well selection. Certainly, a reliable methodology is needed to handle uncertainty. After conducting a comprehensive literature review on the applications of AI and specially FL technique in HF candidate-well selection research, a research area has been identified for further study. It is recommended that T2 FSS can be incessantly adopted in the research area of candidate-well selection because they can assist in developing models to make decisions which are often viewed as complicated, and uncertain.
